Major depressive disorder (MDD) in general, and anxious-depression in particular, are characterized by poor rates of remission with firstline treatments, contributing to the chronic illness burden suffered by many patients. Prospective research is needed to identify the biomarkers predicting nonremission prior to treatment initiation. We collected blood samples from a discovery cohort of 34 adult MDD patients with co-occurring anxiety and 33 matched, nondepressed controls at baseline and after 12 weeks (of citalopram plus psychotherapy treatment for the depressed cohort). Samples were processed on gene arrays and group differences in gene expression were investigated. Exploratory analyses suggest that at pretreatment baseline, nonremitting patients differ from controls with gene function and transcription factor analyses potentially related to elevated inflammation and immune activation. In a second phase, we applied an unbiased machine learning prediction model and corrected for model-selection bias. Results show that baseline gene expression predicted nonremission with 79.4% corrected accuracy with a 13-gene model. The same gene-only model predicted nonremission after 8 weeks of citalopram treatment with 76% corrected accuracy in an independent validation cohort of 63 MDD patients treated with citalopram at another institution. Together, these results demonstrate the potential, but also the limitations, of baseline peripheral blood-based gene expression to predict nonremission after citalopram treatment. These results not only support their use in future prediction tools but also suggest that increased accuracy may be obtained with the inclusion of additional predictors (eg, genetics and clinical scales).
INTRODUCTION
Major depressive disorder (MDD) is a common psychiatric disorder, affecting an estimated 19 million people each year in the United States alone (Kessler et al, 2003 (Kessler et al, , 2005 Murray and Lopez, 1997) . For patients with MDD, the lifetime mortality due to suicide approaches 15% (Mann, 2003) , and the annual cost associated with MDD-related disability and death ranks in the tens of billions of dollars in the US (Kupfer et al, 2012; Murray and Lopez, 1997) . A critical barrier to devise optimal treatment and achieve sustained remission is the lack of predictive tests for disease state and treatment remission. The uncomplicated, nonintrusive, and cost-effective availability of blood samples make blood-based biomarkers leading candidates for large-scale development.
The potential of blood transcriptome (the panel of detectable gene transcripts) for monitoring health and disease states is being investigated for peripheral organ and brain diseases (for review, see (Mohr and Liew, 2007) ). Convergent functional genomic approaches have proposed biomarkers for mood states in bipolar depression (Le Niculescu et al, 2008) . Padmos et al (2008) have reported a profile of proinflammatory gene transcripts that discriminated bipolar-depressed patients from controls. Pajer et al (2012) differentiated between MDD and control subjects, and between MDD with and without anxiety in adolescents, using candidate blood and brain gene expression from animal models of depressive-like behaviors. Using inflammatory, stress and neuroplasticity markers, Papakostas et al (2011) developed a serum-based protein assay that robustly discriminated MDD from control patients, and that replicated in an independent validation cohort. Similarly, leukocyte expression of proinflammatory, neuroendocrine stress axis and neuroplasticity markers discriminated between MDD and control subjects; and baseline proinflammatory genes were differentially expressed between responders and nonresponders to two antidepressant treatments (Nortryptyline or escitalopram) (Cattaneo et al, 2012) . Using a microarray approach, Mamdani et al (2011) found that changes in the expression of 32 probesets predicted changes in Hamilton Rating Scale for Depression (HRSD) scores following citalopram treatment. Belzeaux et al (2012) reported baseline changes between responder and nonresponder MDD subjects and identified four gene transcripts with predictive value for treatment response.
In this study, we tested the potential of gene expression to predict nonremission prior to treatment initiation. We focused on nonremission, as it significantly contributes to the chronic illness burden suffered by many patients. Specifically, we hypothesize that MDD patients who do not achieve symptom remission after 12 weeks of treatment (MDD-NR, MDD-nonremitter) differ in baseline gene expression from the subjects who will remit (MDD-R, MDD-remitter). If so, baseline blood gene expression should predict remission after treatment with citalopram, a common antidepressant. We measured large-scale blood transcriptome changes in 34 MDD and 33 healthy control subjects (initial cohort), as part of an ongoing study of anxious-depression treated with a 12-week course of combined citalopram and weekly psychotherapy treatment. In the first phase, we performed an exploratory analysis of differential expression to seek evidence for group differences, namely MDD-NR and MDD-R vs controls, being cognizant of the high false positive rate associated with these approaches. In the second and independent phase, we used the same dataset to construct a predictive model with a machine learning method with support vector machines and corrected the results for the bias of reporting the 'best' prediction rates. We then sought to confirm the prediction results using the existing clinical and blood gene expression data in a second cohort of MDD subjects with similar, although not identical characteristics, and who were treated for 8 weeks with citalopram alone (validation cohort) (Mamdani et al, 2011) . We also had two sets of secondary predictions; first, we predicted that baseline gene expression profiles of MDD nonremitters would be characterized by an upregulation of genes associated with immune activation and inflammation. Second, we predicted that the inclusion of clinical scales would improve prediction of nonremission.
MATERIALS AND METHODS
A short summary is provided here. Details and technical information on the cohorts and analyses are in the online supplements. The initial cohort included 34 anxiousdepressed adults recruited for an outpatient trial of combined medication and psychotherapy treatment, and an age-and gender-matched sample of 33 nondepressed controls (Table 1 ). The patient sample met criteria for a nonpsychotic MDD episode of sufficient severity (documented by DSM-IV SCID interview and score X15 on the 25-item HRSD (Hamilton, 1960) ) and elevated symptoms of panic or anxiety (score X7 on the past-month panic and agoraphobic spectrum selfreport (Cassano et al, 1997; Shear et al, 2001) ). Demographic and clinical scales are listed in Supplementary Table S1 . Nonpatient controls did not meet criteria for any mood or anxiety disorder. Individuals with a history of schizophrenia, bipolar disorder or antisocial personality disorder; drug or alcohol abuse/ dependence in the past 3 months; severe, uncontrolled medical illness; history of nonresponse to citalopram; and women who were pregnant or planning to become pregnant were excluded from participation. Subjects were free of antidepressant treatment prior to the start of the study. All study procedures were approved by the University of Pittsburgh Institutional Review Board. Treatment for the MDD cohort included citalopram (average dose at week 12, 37.5±10.5 mg) and weekly psychotherapy with either (randomly assigned) interpersonal psychotherapy for depression with panic and anxiety symptoms (IPT-PS) or brief supportive psychotherapy (BSP) (Hellerstein et al, 1998) . Analyses were conducted on an intent-to-treat basis, with depression remission defined as achieving three consecutive weeks of average HRSD-17 scores p7. The trial is registered at ClinicalTrials.gov under NCT00930293.
Blood was collected in PAXgene tubes at study entry (T0) and after 12 weeks of treatment (T12) and processed onto Illumina HT12-v4.0 gene array. Gene functional analysis was performed using Ingenuity Pathway Analysis (http:// www.ingenuity.com). Analysis of promoter transcription factor enrichment was performed with Enrichr (Chen et al, 2013) . Real-time quantitative polymerase chain reaction (qPCR) was performed on a Mastercycler real-time PCR machine (Eppendorf, Hamburg, Germany) using universal PCR conditions (Sibille et al, 2009) . Differential expression was analyzed by random intercept model with variable selection using Bayesian information criteria and class label permutation (Wang et al, 2012) . Prediction analyses for nonremission were performed using standard machine learning method with support vector machines (with linear kernel) protocol. To correct for the selection bias of reporting the best model, we added a nested cross-validation step (Tibshirani, 2009; Varma and Simon, 2006) .
For the validation cohort, we used clinical and transcriptome data from a published study (Table 1; Mamdani et al (2011) for details), in which MDD patients were treated with citalopram (10-60 mg, titration based on response and tolerability) for 8 weeks, with depression remission defined as HRSD-17 score p7 at week 8 assessment. Blood samples were collected at T0 and T8 in PAXgene tubes and processed onto U133 þ 2.0 Affymetrix GeneChips. The top genes identified in the initial cohort predictions were used to construct the prediction model for response/remission in the validation cohort. Table 1 provides the baseline demographic and clinical features of the two cohorts used in the report. A total of 34 MDD and 33 nondepressed control subjects comprised the initial cohort. Six MDD subjects dropped out of treatment prior to the week 12 (T12) blood draw. Only one of these six met remission criteria prior to drop out, and was thus classified as a remitter; the remaining five were classified as nonremitters in intent-to-treat prediction analyses, in line with CONSORT clinical trial reporting standards (http:// www.consort-statement.org/). Of those who remained at T12, 18 were classified as remitters (MDD-R) and 10 as nonremitters (MDD-NR). Thus, 19 of 34 subjects (55.9%) were classified as treatment remitters in intent-to-treat analyses. At baseline assessment, MDD-R and MDD-NR patients did not significantly differ in age, race, education, anxiety (HRSA scores), or gender distribution (all p-values 40.10). However, the MDD-NR group did display higher baseline clinician-rated and self-reported depression scores as compared with the MDD-R group (HRSD-17 ¼ 19.6 vs 17.5, p ¼ 0.02; Quick Inventory of Depressive Symptom scores, QIDS ¼ 17.3 vs 11.9, po0.01; Table 1 ).
RESULTS

Blood Gene Expression of MDD-NR Subjects Differ from MDD-R and Control Subjects at Baseline
In the initial cohort, results from exploratory analyses of differential gene expression at baseline (pretreatment; T0) between MDD and control subjects are summarized in Figure 1a . Few changes were observed between MDD-R and matched control subjects, compared with between MDD-NR and matched control subjects. Gene changes in MDD-R subjects did not correlate with effects in MDD-NR subjects (Pearson correlation factor, R ¼ À 0.05), and a direct comparison between MDD-R and MDD-NR revealed intermediate number of differentially expressed genes. False positives and/or normal background variability in gene expression was assessed as differences observed between subgroups of healthy (nondepressed) control subjects. Results from these exploratory analyses suggest that at T0, (a) At T0, MDD subjects who will not remit (MDD-NR) displayed a greater number of differentially expressed genes compared with controls (CTRL) and to MDD subjects who will remit (MDD-R). The line thickness indicates weighted numbers of differentially expressed genes between groups. The two control groups (CTRL) correspond to subjects matched to the respective MDD groups (Table 1) . (b) At T12, the number of differentially expressed genes was reduced between MDD-NR and other groups, and was at the level observed between control groups, suggesting that it reflected background gene variability. (c) The T0 profiles of changes in gene transcript levels for MDD-related genes are reversed by antidepressant treatments. T0, upper panels: MDD-related genes are organized by the extent of their changes in expression along the x axis (po0.01, FC420%). Vertical bars indicate the extent of changes [average log 2 of MDD-NR/CTRL (Left) or MDD-R/CTRL (Right) expression ratios]. T12, lower panels: vertical bars indicate the relative transcript levels for the same MDD-related genes after citalopram/psychotherapy treatments. Genes are sorted in the same order as in upper panels. The T12 profiles correspond to a 34% reversal in MDD-NR and to a 50% reversal in MDD-R subjects (both po0.0001). (a) untreated MDD subjects differ from control subjects, (b) MDD differences are mostly driven by MDD-NR subjects, and (c) MDD-NR subjects differ from MDD-R subjects ( Figure 1a ). See Supplementary Table S2 for details on individual genes.
An analysis of cell-specific markers between MDD-NR and control subjects did not suggest that these findings were supported by changes in cell-type densities (Supplementary  Results and Supplementary Table S3 ). Biological functions identified as over-represented in MDD-NR patients at T0 compared with controls corresponded almost exclusively to increased immune function, inflammation, and white blood cell recruitment (Table 2; details in Supplementary Table  S4) . Moreover, transcription factor binding sites enriched in promoter regions of differentially expressed genes were similarly linked to immune and inflammatory responses, including NF-kB-related signaling and cell cycle regulation, and/or mediation of tumor growth/suppression (Supplementary Table S6) . qPCR was performed for 21 genes with T0 differences (ADSL, ARHGEF11, CD3D, ECGF1 (TYMP), GBA, GZMA, IFITM3, IL17RA, MBOAT1, MPST, MSH6, NAP1L4, OS-CAR, PRDM4, RPL4, RPL5, RPL17, RPL24, RSPH3, TBXAS1, and TIMM23). The qPCR results correlated with array data for the MDD-R vs control (Pearson correlation r ¼ 0.86, p ¼ 5e Figure 1b . All T12 groups differences were at the level of background gene variability, as measured between control subjects matching MDD-R or MDD-NR subjects. Comparing T0 and T12, most genes reverted back toward control expression levels after treatment (ie, closer to x axis in Figure 1c) .
Together, the results of those exploratory approaches suggest that nonremitter subjects are biologically different from remitter subjects, hence providing a rationale for performing an independent prediction analysis for nonremission.
Prediction of Nonremission After Treatment
To predict depression remission at T12 based on T0 transcriptome data, we constructed a predictive model with a machine learning method with support vector machines. As standard practice for machine learning protocols, we started with the T0 dataset, ranked all genes based on statistical significance, and filtered the data based on effect sizes in the training set. We then systematically constructed prediction models using the top sets of genes, ranging from 2-30 genes, and applied these models to the test set ( Figure 2 ). This process is iterated until each sample is treated as test set once. Typically, the prediction accuracy is reported for an optimal gene set; however, to address the common bias that is introduced by reporting the 'best result', we added an additional step to correct the results for model selection, using a nested cross-validation approach (Tibshirani, 2009; Varma and Simon, 2006) (Figure 2 ). The results from these studies indicate an average crossvalidated accuracy (ie, model selection bias corrected) of 79.4% in predicting remission status, with the 13-gene model displaying the highest individual noncorrected prediction value (88%) ( Tables 3 and 4 and Supplementary  Table S9 ). An analysis of correlation of expression with cellspecific markers suggests that the 13-gene set is potentially, although not exclusively, enriched in genes expressed in lymphocytes (Supplementary Results and Supplementary Table S10), highlighting the value of using whole blood transcriptome for predictive purposes.
Validation of Gene-based Prediction of Nonremission in an Independent Cohort
Given the small size and unique features of the initial cohort and the potential bias in model selection, we sought to confirm the prediction model in an independent cohort recruited and tested at another institution. We obtained an archival dataset drawn from a study that evaluated gene expression in blood from 63 MDD subjects who were subsequently treated for 8 weeks with similar doses of citalopram (see Table 1 and Mamdani et al (2011) for details). Thus, this study represented a close, but not identical, match to our initial cohort. We built a new prediction model in the validation cohort using the same 13 genes identified in the initial cohort, and found through another round of leave-one-out cross validation that a 6-gene model achieved the highest accuracy (76.2%) in the validation cohort (Table 4 and Supplementary Table S11 ).
Exploratory Analyses
Predictive models including clinical data. We explored the potential of clinical features to augment the gene-based prediction models. These analyses were performed in the initial cohort only, because of the availability of multiple clinical scales in that study (Supplementary Table S1 ). We first applied machine learning prediction methods using clinical scale data only, considering models with 2-30 Figure 2 Flowchart of blood biomarker prediction performance assessment, including correction of model selection bias. To search for the optimal number of features (2-30 genes) in the prediction model, we applied a nested cross-validation (CV) with two nested CV loops. The dataset is initially divided into two: one sample as the test set, and the second as the training set. Then a leave-one-out cross validation (LOOCV) method is applied on the training set using all classifiers (top 2-30 genes). The classifiers with the smallest error rates are selected and used to build the model within the training set. The model is then evaluated on the left-out test sample. This procedure is repeated until all samples have been left out once. This means that the left-out test sample is independent from the model selection stage, including the selection of the model with the minimum error rate. Together, this procedure guarantees an unbiased error estimate. Accuracy represents the percentage of correctly identified samples. Sensitivity represents the ability to predict nonremission. Specificity represents the ability to predict remission. The corrected accuracy was obtained by nested cross-validation approach as described in Figure 2 .
clinical variables. The following three baseline clinical variables provided optimal accuracy in predicting T12 remission status, with corrected accuracy of 70.6% as determined by nested cross validation (as in Figure 2 ): clinician-rated depressive symptoms (HRSD-17 scores), patient-reported depressive symptoms (QIDS (Rush et al, 2003) ), and perceived stress scores (4-item Perceived Stress Scale (Cohen et al, 1983) ). Next we tested models including both clinical and gene expression data and show that T12 depression nonremission could be predicted with a corrected accuracy of 97% based on T0 gene expression and clinical data (Supplementary Tables S12-13 ), in a model including just three features: two genes (IFITM3 and TIMP1) and one clinical feature (QIDS). Notably the type of adjunctive psychotherapy treatment provided in that cohort in addition to citalopram (IPT-PS or BSP) did not contribute to any of the prediction models.
Treatment response trajectory. Because MDD-NR and MDD-R patients differed significantly in baseline depression scores (Table 1) , we explored whether observed differences in posttreatment remission status represented differences in treatment trajectory. Figure 3 shows a large overlap in baseline depression scores between the MDD-NR and MDD-R groups, and significant group differences in slopes between T0 and T12 in the initial cohort (po0.00137) and T0 and T8 in the validation cohort (po1.25e
), hence confirming the presence of a different trajectory of treatment response in MDD-NR subjects. Consistent with the overlap in values (Figure 3) , baseline HRSD-17 values provided moderate prediction for nonremission (67.6% in initial and 57.1% in validation cohort).
DISCUSSION
Results from the first and exploratory phase of this study suggest that at pretreatment assessment, the gene expression profiles obtained from blood samples of MDD subjects who will not attain remission after treatment (MDD-NR group) differ from nondepressed controls and also from MDD patients who will remit with treatment (MDD-R) (Figure 1) . The nature of genes affected in MDD-NR subjects suggests a state of inflammation and immune system activation in those patients, although this was not confirmed by independent approaches (Table 2 ). In the second phase of the study, using a machine learning prediction model and a leave-one-out cross validation to correct for multiple model testing, we show that pretreatment baseline gene expression predicted nonremission after treatment with 79.4% accuracy (Table 3) , based on a 13-gene panel (Table 4) . A strength of this study is that we confirmed our results in an independent validation cohort. Specifically, we showed that 6 out of 13 genes identified in the initial cohort could predict remission in an independent cohort (n ¼ 63 MDD patients) with 76.2% accuracy (Table 3) . Together, this report demonstrates the potential, but also the limitations, of pretreatment peripheral gene expression profiles to predict nonremission following an 8-to 12-week course of citalopram treatment.
Although the sample size of the initial cohort was small, the gene expression prediction results replicated in an independent cohort, despite differences in experimental design (8-vs 12-week drug exposure, no psychotherapy) and inclusion of nonanxious MDD patients in the validation cohort. It is worth noting that we did not apply the optimized 13-gene model from our cohort directly to the validation cohort study, but instead used those top 13 candidate markers to perform a new model selection in the independent cohort with feature selection and leave-one-out cross validation to assess the prediction accuracy. This approach was designed to facilitate the analysis and mitigate differences across the two cohorts and platforms, and it may explain why genes differentially expressed in specific cohorts (see introduction) may not necessarily be included in the final common set of predictors. For future Genes in bold were included in the independent qPCR validation ( Figure 1 ). Consistent with the previous functional and transcription factor analyses, this 13-gene model included genes associated with immune/inflammatory activation (CD3D, CD97, IFITM3, and GZMA) and mediation of cell proliferation (GZMA and TIMP1), although not exclusively.
translational and clinical utility, a randomized prospective clinical trial using a preestablished predictive model is the ultimate validation. To date, however, direct application of predictive models to different test studies has been difficult due to cross-laboratory variability in probe designs from different array platforms and different experimental protocols. Such issues could be addressed in the future through the use of carefully standardized experimental protocols or commercialized products. For example, prognostic prediction of breast cancer treatment (Cheng et al, 2009; Shen et al, 2004; Xu et al, 2008) has been greatly facilitated by the use of MammaPrint (van't Veer et al, 2002) and Oncotype DX (Paik et al, 2006) , two successful microarray and qPCR examples with cross-laboratory standardization. The combination of clinical scales and gene expression data enhanced the accuracy of the nonremission prediction to 97% in the initial cohort (Table 3 and Supplementary  Table S11) . Notably, of all clinical scales included in the combined machine learning models (including those assessing current and lifetime mood and anxiety symptoms, childhood trauma, and social/interpersonal function; see supplements and Supplementary Table S1), the only scale retained in the combined prediction model was the QIDS-16; a patient-reported indicator of depressive symptom severity. This finding may highlight the importance of assessing subjective levels of patient-reported distress which may, moreover, be more closely linked to over-activation of pro-inflammatory pathways (Cole, 2010; Miller et al, 2008; Pace and Miller, 2009) .
What could we learn from the exploratory analyses of differential gene expression? We are cognizant of the high false positive rate associated with the uncorrected statistical approaches used here, so we briefly discuss results at the gene group level rather than for independent genes. As hypothesized, biological functions represented by genes showing baseline expression differences largely suggest pretreatment elevations in inflammation and immune activation in MDD-NR subjects (Table 2 ). This may, in part, relate to baseline elevations in symptoms of depression and of perceived stress in the MDD-NR group. In this regard, MDD-NR subjects also displayed heightened expression of numerous transcripts with response elements for NF-kB, a proinflammatory transcription factor associated with the experience of chronic stress (Cole, 2010; Miller et al, 2008; Pace and Miller, 2009) . The fact that the prevalence of these predictive gene markers was reduced after treatment despite elevated HRSD scores (Table 2) suggests that while inflammation and immune-related pathways could have contributed to MDD onset, their presence may not be necessary for the maintenance of MDD in those subjects. Alternatively, putative remodeling of brain circuitry and other molecular/ neurochemical changes (such as changes in glucocorticoid receptor sensitivity) may sustain the depressive state despite the absence of continued peripheral immune and inflammatory gene markers. Finally, it is worth noting that the extent of correlation of expression between the predictive genes and cell-specific markers suggests the contribution of various cell types. Future studies may address the contribution of changes within and across specific leukocyte cell populations, but the current results suggest that using total blood gene transcripts may be appropriate for predictive purpose.
The finding that MDD-NR subjects showed differential gene expression and trajectories of reduction in HRSD-17 scores following treatment (Figure 3 ) supports the intrinsic difference of this group compared with other MDD subjects. Future studies will need to characterize those differences on longer timescales and to examine the association between the observed pretreatment gene expression profiles and functional indicators of systemic inflammation or stressinduced immune/inflammatory reactivity (Maes, 1995; Zunszain et al, 2013) . Conversely, subjects who remitted after treatment (MDD-R) had pretreatment gene expression profiles similar to background variability in control subjects, demonstrating that diagnostic MDD status is not necessarily accompanied by peripheral gene changes (at least with the technical sensitivity of the gene arrays used here). This observation highlights the underlying biological heterogeneity in MDD subjects, and underscores the need for future mental health biomarker research to move beyond traditional diagnostic categories, as articulated in the NIMH Research Domain Criteria initiative (Insel et al, 2010) .
Together, the current and prior studies (see introduction) not only support the biomarker potential of peripheral gene expression in predicting MDD treatment outcome but also highlight the need for additional studies. Future studies will need to be performed in larger cohorts and may need to combine measures of gene expression with selected clinical scales, specifically related to mood symptoms and chronic life stress. The inclusion of genetic information, measures of peripheral metabolites and treatment history may further increase the predictive value of those assays. For instance, Gudayol-Ferre et al (2013) showed that a combination of clinical, genetic (val/Met COMT polymorphism) and neuropsychological variables were associated with a pattern of remission in MDD subjects. The fact that in our study baseline peripheral gene expression did not differ between MDD subjects who remitted and healthy controls also suggests that different sets of biomarkers may be needed to capture the heterogeneity of MDD subjects. The findings from this study show the potential of blood gene expression to identify prior to treatment-with high sensitivity and specificity-a population of individuals that would benefit from treatment augmentation. Future studies will need to assess means of treatment augmentation in the context of prediction of nonremission. Whether gene expression biomarkers will provide insight into disease mechanisms for a rational choice of drug augmentation is currently unknown, so the added value of those assays will have to be determined based on optimized design and better knowledge of successful augmenting factors, but the levels of accuracy and confirmation obtained under the current conditions are promising. Finally, future treatment paradigms will benefit from determining whether other antidepressants are successful in treating the nonremitting patients identified in this study.
Notes and Limitations
Several limitations to the current study are noteworthy. First, the initial cohort sample size was small and thus potentially associated with high false positive rates for both differential expression and prediction analyses. Second, with the exception of the Mamdani et al (2011) study, direct comparisons of prediction results with prior reports (see Introduction) were not performed due to differences in study goals (eg, disease status vs outcome prediction here). Third, the lack of available anxiety measures in the validation cohort may have limited the analysis in that cohort. Fourth, we did not attempt to separate blood cells and instead investigated transcriptome profiles at the time of collection, so that expression of putative markers would not be influenced by sample manipulation. Instead, using prior results, we ruled out the possible interference of blood cell proportions on differential expression of genes. Fourth, the biological validity of the inflammation and immune activation was not confirmed by other biological tests and is thus speculative at this time. Fifth, the study was not designed to assess later time points regarding delayed remission and potential biomarkers for future relapse.
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